The thermal management of modern aircraft has become more challenging as aircraft capabilities have increased. The use of thermally resistant composite skins and the desired for low observability, reduced ram inlet size and number, has reduced the ability to transfer heat generated by the aircraft to the environment. As the ability to remove heat from modern aircraft has decreased, the heat loads associated with the aircraft have increased. Early in the aircraft design cycle uncertainty exist in both aircraft requirements and simulation predictions. In order to mitigate the uncertainty it is advantageous to design thermal management systems that are insensitive to the design cycle uncertainty. The risk associated with design uncertainty can be reduced through robust optimization. In the robust optimization of the thermal management system three noise factors were selected: 1) engine fan air temperature, 2) avionics thermal load, and 3) engine thrust. The three controllable factors selected for the robust optimization were: 1) compressor pressure ratio, 2) return fuel heat exchanger (RFHX) area, and 3) recuperator heat exchanger (RHX) area. The robust optimization of the thermal management system identified the engine fan air temperature and the avionics thermal load as the dominate noise factors. The worst case noise factor combination resulted in a 258% increase in return fuel heat load. The robust optimization identified the compressor ratio as the dominate control factor followed by the RFHX area. The optimization of the controllable factors resulted in a 51% reduction in the mean return fuel heat load and a 63% reduction in return fuel heat load variance. The risk associated with design cycle uncertainty can be minimized through the employment of the robust optimization methodology.
I. Introduction
he thermal management of modern aircraft has become more challenging as aircraft capabilities have increased. One factor increasing the thermal issues associated with modern aircraft is the proliferate use of high thermal resistant composite skins. In addition the requirements for low aircraft observability have resulted in the ram inlet size reductions. As the ability to remove heat from modern aircraft has decreased the heat loads associated with modern avionics, advanced mission systems, fueldraulic based vectored thrust control systems, and additional electric engine accessories have increased three to five times as compared to legacy aircraft [1] .
In order to mitigate the thermal risk associated with modern aircraft, the Air Force Research Laboratory has identified the need to develop integrated thermal management models. The thermal management models allow for both the prediction of thermal performance and the optimization of thermal management systems early in the aircraft design cycle. The use of simulation models allows for thermal issues to be identified and addressed before the issues occur in hardware, resulting in lower aircraft design cost.
One issue associated with the design methodology is the uncertainty associated with both the aircraft requirements and aircraft design. For example, the projected avionics thermal load may increase due to a desire to provide increased mission capability. In addition, the predicted component performance may not be realized in the physical hardware. As the aircraft development progresses, the uncertainty associated with the both the requirements and design are reduced but the cost associated with design changes increases. During the early stages of development it is advantageous to use simulation models to develop component designs that are robust to design cycle uncertainties.
One method to reduce the design cycle uncertainties is to optimize the components to be insensitive to design uncertainties. This is done in the robust optimization problems and has been investigated by a number of researchers. Taguchi, one of the initial investigators in robust optimization, used a two-part optimization method to first reduce part variation due to noise factors and second adjust the mean of the response to the target value. In this method, the control variables are modified and the system response is measured under predetermined noise levels. Statistical analysis is then conducted to determine the optimal controllable parameters which minimize the response variance and then the mean response is adjusted to the target value [2, 3] .
A number of researchers have added to Taguchi's initial work resulting in a more powerful and general approach [4, 5, 6] . Box, Montgomery, Welch, Lucas, and others have combined the control and noise factors and employed surface response model for robust optimization [7, 8, 15, 16] . Chen extended the response model approach by using the Compromise Programming approach [9] . This methodology employs a multi-objective optimization method in which signal intensity is maximized and variation is minimized. The Compromise Programming method is used to generate a Pareto front of optimal solutions and eliminates the major drawbacks of the conventional weight sum optimization methods, namely the inability to generate a Pareto set on convex sets [10, 11] . Messac formulated the robust design optimization problem using the physical programming method which treats each design metric variation, design variable, design variable variation, and parameter variation independently based upon designer preference [12] .
The objective of this paper is to use the robust optimization methodology to reduce the effect of uncertainty on the aircraft's Power and Thermal Management Systems (PTMS). Specifically, the paper will minimize the return fuel heat load mean and variance by modifying PTMS control factors. The aircraft fuel is used to cool a number of heat sources on the aircraft and is an important measure of thermal margin for the aircraft. In order to effectively cool the aircraft loads, the fuel temperature must be held below a maximum temperature limit. If the temperature limit is exceeded the mission capability of the aircraft will be diminished. This paper is divided into four additional sections. A description of the models used to predict the aircraft's thermal performance is provided in section two. Section three describes the robust optimization problem. Section four describes the results of the robust optimization study. Concluding remarks are provided in section five.
II. Aircraft Thermal Models
The aircraft thermal model consists of the following sub-models: 1) Air Vehicle System (AVS), 2) Engine, 3) Engine Fuel Thermal Management System (EFTMS), 4) Aircraft Fuel Thermal Management System (AFTMS), and 5) Power Thermal Management System (PTMS) [1] . Figure 1 shows the major interaction of the sub-system models which make up the aircraft thermal model. The EFTMS model simulates the heat transfer of engine heat loads into the fuel. The engine heat loads are generated by the boost, main and actuation fuel pumps as well as engine oil heat which simulates the engine bearing heat loads. In addition to calculating the engine heat load thermal effects on the fuel, the EFTMS model also provides the return to tank fuel control logic. The return to tank logic regulates the fuel and engine oil temperatures below maximum threshold values. The EFTMS commands additional fuel flow if either the fuel or oil temperature exceeds threshold values. The fuel not used by the engine is returned to the aircraft fuel tanks.
The AFTMS models the thermal performance of the aircraft fuel tanks. The heat transfer associated with solar loading, infrared radiation, and aerodynamic convection on the aircraft surface are modeled in the AFTMS component. The conductive heat transfer to the internal surface of the fuel tanks establishes heat transfer between the fuselage/fuel and external surfaces. Finite volume methods are implemented in the wall material along with standard lumped capacitance approaches for fuel volumes [13] . A more complete description of the AVS, Engine, EFTMS, and AFTMS models can be found in [1] .
The PTMS employs a closed circuit air refrigeration cycle to regulate the aircraft's liquid cooled avionics, air cooled avionics and cockpit heat loads. The closed circuit air refrigeration architecture makes use of three air circuits: bleed air circuit (purple), closed loop air circuit (red), and open loop air circuit (blue) (see Fig. 2 ). The purpose of the bleed circuit is to provide high pressure air from the engine to the power turbine (PT). The bleed air from the main engine is expanded by the power turbine and useful work is generated to operate the refrigeration cycle. The bleed air circuit provides the make-up air for the open loop air circuit.
Figure 2. Thermal Management System Architecture
The closed refrigeration circuit is used to cool both the liquid cooled loads as well as to cool the open loop air stream. The closed refrigeration circuit operates by expanding compressed air in the cooling turbine (CT) resulting in refrigerated air. The refrigerated air is used to absorb the heat loads from the liquid cooled avionics as well as the open loop air circuit. The refrigerated air interfaces with the aircraft's liquid cooled avionics through a PAO loop which transfers the heat generated by the avionics to the low temperature expanded air stream. After absorbing the heat loads, the expanded air stream is used by the counter flow air to air recuperator heat exchanger (RHX) to reduce the temperature of the high pressure air stream from the compressor.
The compressor (C) is employed to raise the pressure of the air stream. The high temperature air stream is cooled by sinking heat to the environment which lowers the air stream temperature. The closed refrigeration circuit uses two heat exchangers to remove heat from the high pressure and temperature air stream. The primary heat sink is the fan duct heat exchanger (FDHX), which continuously operates when the main engine is operating. The FDHX is located in the fan stream of the main engine. An additional hot liquid loop (HLL) is used as a supplementary heat sink. In conditions when the heat load regulation temperatures are exceeded, the supplementary heat sink is engaged. The hot liquid loop is a PAO loop which sinks the high pressure, high temperature closed loop air stream to the aircraft fuel.
The fuel circuit pumps fuel from the aircraft fuel tanks to the engine. In the pumping process heat is absorbed from the Full Authority Digital Engine Control (FADEC), PTMS, and EFTMS among other heat loads. The return to tank logic regulates the fuel and engine oil temperatures below their maximum threshold values. The EFTMS commands additional fuel flow if either the fuel or oil temperature thresholds are exceeded. The fuel not used by the engine is returned to the aircraft fuel tanks. The returning fuel is cooled by the return fuel heat exchanger (RFHX) before returning to the fuel tanks. The FADEC heat load is the initial heat load absorbed by the fuel. The FADEC has strict temperature limits which in turn results in strict temperature limits imposed on the fuel leaving the fuel tanks.
III. Robust Optimization Problem
The objective of the robust optimization is to reduce the effect of design uncertainty on the return to tank fuel heat load. The aircraft fuel is used to cool the FADEC heat load and if the fuel temperature limit is exceeded the FADEC will not be effectively cooled resulting in an aborted mission. In this study, controllable PTMS factors are optimized to minimize both the return fuel heat load and the return fuel heat load variation resulting from design uncertainty.
A number of model sub-systems interface with the PTMS. Early in the design cycle there exist uncertainties associated with these interfaces. For example, the engine fan air temperature, which is used as the primary PTMS heat sink, is normally calculated by an engine model. During the design cycle, requirements or design changes can result in inaccuracies in the estimated fan air temperature. In addition variations between production engines will occur and it would be advantageous for the PTMS performance to be insensitive to these changes. As the aircraft design progresses a desire for advanced or unplanned avionics functions can occur. The advanced avionics functions may result in increased thermal loads from the initial design cycle requirements. In addition, the aircraft's drag polar may also change as the design cycle advances resulting in changes in required engine thrust. The uncertainties associated with these three factors (engine fan air temperature, avionic load, and engine thrust) are the uncontrollable noise factors used in the robust optimization problem.
In the robust optimization problem, controllable factors are varied in order to minimize the effect of the uncontrollable noise factors. For the robust study, we have selected the compressor pressure ratio, RFHX area, and RHX area as the controllable factors. The robust study will identify the controllable factors which minimizes the effect of design uncertainty on return fuel heat load. Resources can then be prioritized, focusing on the most important components to reduce PTMS performance variance. In this manner a robust PTMS design can be achieved.
The robust optimization problem can be formulated as a multi-objective optimization problem where the mean performance as well as the variance is minimized. The mean objective function attempts to minimize the return fuel heat load (kW) at nominal noise conditions. The variance objective function attempts to minimize the variance in return fuel heat load due to changes in the noise conditions.
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Where x represents the controllable factors and z is the uncontrollable noise factors. The controllable factors are compressor pressure ratio, x 1 , return fuel heat area, x 2 and recuperator heat exchanger area, x 3 . The baseline PTMS design is a modern state of the art design. Therefore, the controllable optimization factors are bound to practical packaging and technology limits. The compressor pressure ratio is bounded between +/-10% from the nominal value. Both the heat exchanger areas are bounded between +/-10% from the nominal values. The uncontrollable noise factors are engine fan air temperature, z 1 , avionics load, z 2 , and engine thrust, z 3 . The uncertainty associated with the engine fan air temperature is bounded between +/-20 o F from nominal. The uncertainty associated with the avionic load is bounded between +/-10% from nominal. The uncertainty associated with the engine thrust is bounded between+/-10% of the nominal value.
Because of the complexity of the current simulation model and required number of function calls in a multiobjective optimization problem, empirical objective functions are developed. The response surface method (RSM) is used to develop the empirical functions. In the RSM, experimental data, generated from a designed experiment, is fitted to a mathematical response model. In addition to increasing the computational speed of the optimization the RSM generates a direct relationship between the function response and the function factors easily allowing the assessment of the factor's importance. For a detailed description of the RSM see Montgomery [14, 16] and Box [15] .
IV. Results
A generic modern long range strike aircraft was modeled over a thermally constraining low level dash mission. The mission was conducted at sea level and 0.6 Mach # with Mil-HDBK-310 1% Hot Day ambient conditions. The Circumscribed Central Composite Design (CCD) of Experiment was used to generate the system response. The CCD experimental design with six factors, three controllable and three uncontrollable factors, requires 59 experiments [16] . The experiments were conducted using coded factors varying from negative one to positive one. (i.e. -1 is minimum, 0 is nominal, +1 is maximum).
A regression analysis was using to determine the model form from the DOE generated system response. Three steps were used in selecting the model form. First a full quadratic model with all interactions was selected. Second, a hypothesis test for coefficient significance was conducted. Coefficients with insignificant F values were removed from the model [17] . Third, a family of models was generated by selectively removing coefficients with lower F values. Model adequacy checking was then conducted on the family of equations. The model adequacy was determined by the prediction error sum of squares (PRESS), adjusted coefficient of multiple determination (R 2 adj ) and F-values statistics [17] . The model form with the highest R 2 adj and F-value as well as the lowest PRESS value was selected. The selected model form is given in Eq. 2. Where the controllable and noise factors are coded from -1 to 1 and the system response is the return fuel heat load in terms of kilowatts. 
The model adequacy fit statistics are given in the table below:
Table 1. Model Adequacy Statistics
With the equation factors coded from -1 to 1, the factor important, with respect to system response, can be determined from the coefficients magnitude. From inspection of Eq. 2, the noise factors Z 1 (9.15), engine fan air temperature, and Z 2 (9.10), avionic load, have the largest effect on return fuel heat load. A 20 o F change in engine fan air temperature has an equivalent effect on fuel heat load as a 10% increase in avionic heat load. The increased engine fan temperature reduces the FDHX heat transfer effectiveness. For the PTMS to effectively transfer heat to the environment the PTMS must employ the supplementary HLL, which in turn transfers heat to the fuel. Although having a smaller effect than noise factors Z1 and Z2, noise factor Z3, engine thrust, has a substantial effect on the fuel heat load. The reduction in engine thrust results in a reduction in fuel mass flow. This reduces the amount of heat load which can be absorbed by the fuel before fuel recirculation occurs. With the noise factors in a worst case condition (Z1 = 1, Z2 = 1, and Z3 = -1) and the control factors at nominal levels, the return fuel heat load is 51.05kW. With both the noise and control factors at nominal levels the return fuel heat load is 19.82kW. The noise factors resulted in a 258% increase in return fuel heat load. The surface response of return fuel heat load with respect to noise factors Z 1 and Z 2 is shown in Fig. 3 .
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From inspection of Eq. 2 and 3 the controllable factor X 1 (8.49), compressor pressure ratio, has the largest effect on the return fuel heat load. The higher compressor pressure ratio increases the temperature and pressure of the closed circuit air stream allowing the engine fan air to become an effective heat sink and reducing the need for the supplementary HLL heat sink which sinks heat to the fuel. The controllable factor X3, recuperator heat exchange area, has the smallest effect on the system response. The surface response with respect to control factors X 1 and X 2 is shown in Fig. 4 . The surface response with respect to control factors X 1 and X 3 is shown in Fig. 5 .
where X 1 is a 10% increase in compressor pressure ratio, X 2 is a 10% increase in RFHX area, and X 3 is a 10% increase in RHX area. The optimization results can also be confirmed from the surface response plots (Fig. 4 and 5) .
In each surface response plot the return fuel heat load is minimized by driving the control factors to their extreme values. The return fuel heat load at the optimal control values resulted in a 9.69kW return fuel heat load. Compared to the nominal return fuel heat load of 19.82kW, the optimal solution resulted in a 51% improvement in return fuel heat load. The solution of the variance objective equation, as in the mean optimization, resulted in the control factors X 1 and X 2 being driven to the boundaries or, 12 11 XX  where X 1 is a 10% increase in compressor pressure ratio and X 2 is a 10% increase in RFHX area. The variance objective is not a function of RHX area and could be arbitrarily set. As with the mean optimization the results can be confirmed from the surface response plot (Fig. 6 ). In the surface response plot the variance in return fuel heat load is minimized when control factors X 1 and X 2 are driven to their extreme values. The variance in return fuel heat load at the optimal control values resulted in a 72.1 (kW) 2 heat load variance. Compared to the nominal return fuel heat load variance of 196.9(kW) 2 , the optimal solution resulted in a 63% improvement in fuel heat load variance (Fig. 6) . The optimal solution for both objective functions resulted in the controllable factors being driven to the same optimal values at the boundaries of the design space. Therefore no compromise between minimizing the mean fuel heat load and fuel heat load variance is required.
V. Conclusion
During the initial stages of aircraft design uncertainty associated with requirements and design are high. One strategy to mitigate risk associated with uncertainty is to design components which are insensitive to design uncertainty. The robust optimization problem attempts to reduce sensitive in a design to uncontrollable noise factors by correctly selecting control factors. In this paper, robust optimization is used to reduce the effect of design uncertainty on return fuel heat load.
The robust optimization was conducted in two steps. In the first step, a response surface model was generated from a high fidelity simulation model. The RSM provides a mathematical model between the system response and the independent variables and if independent variables are coded between -1 and 1 the relative important of each independent variable can be evaluated by the magnitude of the variables coefficient. Therefore, by simply inspecting the mathematical model the important variables can be identified and resources can be prioritized to focus on the most important components to improve performance. In the second step, a multi-objective optimization problem was developed minimizing both the return fuel heat load and return fuel heat load variance due to uncontrollable noise factors.
In the analysis three uncontrollable noise factors were selected: the engine fan air temperature, avionics thermal load, and engine thrust. The dominant noise factors affecting return fuel heat load were found to be engine fan air temperature and avionics thermal load. The combined worst case noise factors resulted in a 258% increase in return fuel heat load as compared to the nominal case. The analysis shows the importance of variation in the three uncontrollable noise factors and the need to incorporate variation in the design and analysis of future PTMS systems.
In order to mitigate the risk associated with the noise factors, three controllable PTMS factors were selected for optimization: compressor pressure ratio, return fuel heat exchanger, and recuperator heat exchanger. The dominant PTMS control factor affecting return fuel heat load was found to be compressor pressure ratio. A multi-objective optimization was conducted minimizing the mean and variance of the return fuel heat load. The optimal levels for the controllable factor in both the mean and variance optimization were found to be at maximum bounded levels. The optimization resulted in a 51% reduction in the mean return fuel heat load and a 63% reduction in return fuel heat load variance.
